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ABSTRACT
It is widely acknowledged that pronunciationsin spontaneous
speechdiffer significantlyfrom citation form. For this reason,pro-
nunciationmodelinghasreceived considerableattentionin recent
automaticspeechrecognitionliterature.Most of theattentionhow-
ever hasfocussedon describinganalternatepronunciationasa dif-
ferentsequenceof phoneticunitsusingthesameinventoryof phones
which describecanonicalpronunciations.This approachassumes
that the deviation from the canonicalpronunciationcan be repre-
sentedin termsof completechangesfrom thebase-formphonemes
to the surface-formphones.In this paper, we investigatethe prop-
ertiesof pronunciationchangein conversationalspeechanddemon-
stratethatmostof thetime thechangeis only partial;a phoneis not
completelydeletedor substitutedby anotherphonebut it is modi-
fied only partially andtheeffectsof this modificationcanbefound
in its environment. Theevidencefor this behavior comesfrom the
analysisof the acousticsignal, the base-formtranscriptionsgiven
by the dictionaryandthe surfaceform transcriptionsgiven by hu-
manlabelers.We show thatwhena pronunciationchangeoccurs,it
is often the casethat neitherthe canonicalnor the alternatephone
representtheacousticsvery well. We alsoshow how partialchange
makes the notion of phonetictranscription,be it manualor auto-
matic,a difficult one. Analysisof manualphonetictranscriptionof
conversationalspeechrevealsa large number( � 20%) of casesof
genuineambiguity: instanceswherehumanlabelersdisagreeon the
identityof thesurfaceform. Basedonthisanalysis,two methodsfor
accommodatingpartial pronunciationchangeare developed. The
first methodattemptsto resolve theambiguityby separatelymodel-
ing eachbaseform/surface-formpair. Thesecondmethodtreatsthe
surfaceform asahiddenvariableand“averagesout” theambiguity.

1. Introduction
Acoustic modeling basedon phoneticunits relies on hav-
ing an accuratephonetic representationof words. How-
ever, thehigh degreeandcontinuousnatureof pronunciation
changeencounteredin conversationalspontaneousspeech
makessucha representationimpossibleif oneinsistson hav-
ing a constantand limited phoneticinventory. An analysis
of a portion of the Switchboardcorpuslabeledby linguists
at the phoneticlevel revealsthat the disagreementbetween
humanlabelersis quite high. This suggeststhat pronun-
ciation changesometimesyields ambiguousrepresentations
whenprojectedontoa limited phoneticinventory. In this pa-
per, we investigateandcharacterizethepropertiesof pronun-
ciationchangein thecontext of this ambiguity. We differen-

tiate betweentwo typesof pronunciationchange: complete
change wherethe surfaceform canbe clearly identifiedby
humansandpartial change whereeven humantranscribers
cannotagreeon theidentityof thesurfaceform.

Most of thework on pronunciationmodelingtries to predict
changesin pronunciationsothatwordsareallowedto haveal-
ternatephoneticrepresentations.Thissortof explicit pronun-
ciation modelingcombinedwith context dependentacoustic
modeling can only partially accountfor the pronunciation
variation in conversationalspeechas suggestedby moder-
ategainsin word error ratereportedby variousresearchers.
As opposedto this “linear phonology”approach,“nonlinear”
or autosegmentalphonologicalmodelsallow for representa-
tionsbasedonasynchronousfeaturesandarenotconstrained
by the phoneticinventory. Onesuchmodel [2, 3] given by
Dengis a feature-basedphonologicalmodelthatyieldsafea-
tureoverlappingpatterninsteadof a phoneticrepresentation.
Finke[4] recentlyproposedusing“attributeinstances”which
includearticulatoryfeatures,stressetc. asacousticmodel-
ing unitsandapronunciationmodelthatpredictsvariationof
theseinstances.Thisinstancebasedrepresentationprovidesa
tightercouplingof thepronunciationmodelandtheacoustic
model.

In this paper we analyzethe propertiesof pronunciation
changeto explain the intrinsic ambiguity of phone level
transcriptionsand we proposemethodswithin the “linear
phonology” framework to overcomethe problemscaused
by partial changes. An analysisof the relationshipbe-
tween acousticsand phonemic/phoneticrepresentationsis
usedto explain the recognitionresultsof two methodsfor
improving acousticmodelingusingpronunciationmodeling.
Onemethodextendsthe units usedin acousticmodelingto
baseform/surface-formpairs,attemptingto resolve theambi-
guity by enlarging the inventoryandtakinga steptowardsa
“tighter coupling” betweentheacousticmodelsandthepro-
nunciationmodel. This approachallows for modeling the
acousticsof pronunciationchangewithout increasinglexical
confusion,or homophony. Anothermethodmodelsthe pro-
nunciationchangeat thestatelevel sothatpartialpronuncia-
tion changescanbecovered.Thismethodalsoprovidesmore
accurateacousticprobabilitiesfor the baseformby keeping
the surfaceform asa hiddenvariableandsummingover all



alternatepronunciationsof a baseform.This approachhan-
dlesambiguityby averaginginsteadof disambiguating.

This paperis organizedasfollows. In Section2 we present
acousticevidencefor partialpronunciationchangein conver-
sationalspeech.Theeffectsof this partialchangearefurther
quantifiedin the interlabeleragreementstatisticsandin our
effortsto obtainaccuratephonetictranscriptionsby automatic
means,asdiscussedin Section3 . Finally, speechrecogni-
tion experimentswhich accommodatepartial pronunciation
changesarepresentedin Section4 andsomeconcludingre-
marksaregivenin Section5 .

2. Acoustic Analysis of Pronunciation
Change

We usethe Switchboardcorpus,a collectionof casualtele-
phoneconversationsbetweenAmericanEnglishspeakers,to
studypronunciationchangesin conversationalspeech.A por-
tion ( � 4 hours, � 100K phones)of Switchboardhas been
phoneticallylabeled,and it is on this portion of the corpus
thatour investigationsarebased.Furthermore,about30min-
utesof this labeleddatais in the “test” portion of the cor-
pus,while a little over 3 hoursis in theacoustictrainingset.
Model estimationin this sectionis on thetrainingportionof
the handlabeledcorpusand evaluationis doneon the test
portionwhereappropriate.

In orderto understandthenatureof pronunciationchangeand
to discoverwaysof modelingit, weneedto investigatethere-
lationshipbetweenacousticsandbaseform/surface-formrep-
resentations.

Consideranoccurrenceof thewordAND whichhasthebase-
form /ae n d/ andis labeledasthe surfaceform [eh n
d]. In thisexample,/ae/ is realizedas[eh] � forming the
baseform/surface-formpair (ae,eh). What do the acous-
tics of this pair look like? If the acousticsare sufficiently
similar to thoseof an[eh], this canbe consideredascom-
pletechange, otherwisethis is a caseof partial change. In
any case,how shouldthis pair be modeled?Completepro-
nunciationchangemayperhapsbedealtwith by adding/eh
n d/ asa seconddictionaryentry for AND, whereaspartial
pronunciationchangerequiresothersolutions.In orderto an-
swerthesequestionswetreatthebaseform/surface-formpair,
e.g. (ae,eh), asa unit andanalyzethe acousticsof such
units.Theanalysisproceedsasfollows.

The baseformtranscriptions �� and surfaceform transcrip-
tions �� (handlabels)of thephoneticallylabeledtrainingdata
arefirst alignedto obtain“pair transcriptions”� � �

. Thefol-
lowing threesetsof context independentacousticphonetic
modelsarethenestimatedfrom thissetof transcriptions.

	
Weusethenotation/ 
 / to denotebaseformphonemesand[ 
 ] to denote

surfaceform phones.

�
����� ����������� : estimatedfrom thebaseformtranscriptions;

�
����� ������� � � : estimatedfrom the surfaceform transcrip-
tions;

�
����� �"! ����������� : estimatedfrom thepair transcriptions.#
2.1. Acoustics of Alternate Realizations

Our analysesbegin by visualizinghow the averageacoustic
featurescorrespondingto aninstanceof abaseformphoneme
/b/ that is realized as a surface form phone[s] com-
pareto thoseof the baseform/b/ (no matterwhat the sur-
face form phoneis) and the surface-form[s] (no matter
what the baseformphonemeis). Note that sincewe esti-
matesingleGaussianoutputdensitiesfor our acousticmod-
els ����� �$! �%�������'&�(*)+��� , the modelmean ,.-�/ ���'&%(0)+��� may also
beinterpretedasatypicalacousticframewhena/b/ is real-
izedasan[s]. We thereforefocusattentionon therelative
locationof , -�/ ���'&%(0)+��� with respectto , - �213&415� , the model
for a canonical/b/, and , / �76�)389� , themodelfor a realization
[s].

Thesemeansare 39-dimensionalvectors(the output of the
MF-PLP front-end,and : , :;: coefficients) which makes
visualizationdifficult. However, sincethreepoints in a Eu-
clideanspaceform a plane,we canfind theplanecontaining
thethreemeansandplot themin two-dimensions.

In order to extendthis visualizationfrom a single triple for
a particular choice of (b,s), say (ae,eh), to a set of
triples,we maptwo pointsof eachtriple to two fixedpoints
in theplaneandscalethecoordinatesfor thethird point such
thatrelativedistancesbetweenthethreemeansarepreserved.
In particular, , - �<13&415� is mappedto the origin, , / �=6>)?89� is
mappedto (1,0)onthe @ –axis,and, -A/ ���B&%(*)C��� to thepositiveD –half-planewhile preservingrelative distances.By plotting
modelmeansfor all triples in this mannerwe obtaina plot
that givesus the relative locationof the threesetsof points
for different(b,s) pairs. Theplot in thecenterin Figure1
is obtainedin this manner.
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Figure1: Comparisonof averageacoustics

To helpinterprettheresultsof theplot generatedasdescribedE
Note that F+G"H I"J'
 K 
 L and F+G$H M+J'
 K 
 L have N 50 HMMs whereasF G$H IPO M J'
 K 
 L has N 500HMMs (outof N 2500possibleHMMs – notall pos-

sibleareseenin ourcorpus).



above, we alsosubstitute, -�/ ���'&%(0)+��� with , -A/ ���B&%(Q&���� for
eachpair (b,s) andobtainthe plot to the left in Figure1.
This correspondsto the location of the averageacousticof
a /b/ realizedasa [b]. Similarly we obtain the location
of theaverageacoustics, -A/ ���Q)R(0)+��� of an/s/ realizedasa
[s]. Theseareplottedon theright in Figure1. Theplot on
the left shows that the acousticsof a /b/ realizedasa [b]
areall crowdedaroundthemodelmean,whichis at(0,0),and
similarly for an/s/ realizedasan[s] asshown by theplot
on theright.

Comparedto thesecanonicalpronunciations,thingsaremuch
more variablewhen a pronunciationchangeoccurs. Even
whena realizationis labeledasan[s] by a humanlabeler,
theacousticsarewidely scatteredaroundthemodelmeanfor
an[s]. Furthermore,note that the spreadis not isotropic:
thereis a distinct bias in the surfaceacousticstowardsthe
acousticsof the canonicalphoneme.In many instances,the
acousticsareactuallycloserto modelfor /b/ thanthemodel
for [s]!

Theconclusionssupportedby theseplotsarethat

� the acousticsof a phoneme/b/, when realizedas a
phone[s], lie somewherebetweentheaveragerealiza-
tion of thephoneme/b/ andtheaveragerealizationof
thephone[s];

� neitherthephoneme/b/ nor thephone[s] provide a
goodfit for this realization;andthat

� pronunciationchangeis (spectrally)partial.

2.2. Acoustic Likelihood of Alternate
Realizations

In orderto seehow bestto modeltheacousticsof the(b,s)
pair, we comparethe likelihoodassignedto theacousticsby
the threemodelsdiscussedabove. For eachsegmentof the
acoustics,both in the training setandthe 30 minutesof test
data,wehavethecanonicalphonemictranscription,theman-
ual phoneticlabels,and their alignment(pair labels). The
inventoriesof the canonicaland manualtranscriptionsare
identical. In light of this, we computelikelihoodswith four
model-transcriptioncombinations:

� thecanonicalpronunciations�� with models�S�T� � ,

� themanualphonelabels �� with models�S�T� �VU ,

� themanualphonelabels �� with models�S�T� � and
W
Thiscombinationprovidesinsightinto thecasewherenochangeismade

to the conventionalacousticmodel training procedure,but a pronunciation
modelis usedto createdictionaryentriesfor alternatepronunciations.

� thepair labels� � �
with models�S��� �"! � .

If we selecttheinstanceswhena pronunciationchangeis la-
beledto have taken place,we find the total likelihoodsor-
deredas

�S�T� �$! ������� � � � �"XY�S�T� �%����� �� �$XZ�S�T� �T����� �� �$XZ����� �T����� �� � .
Figure 2 summarizesthe resultsof computingtheselikeli-
hoodsfor instancesin thetrainingdataandthetestdatawhen
a baseformis substitutedwith anotherphone.
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Figure2: Averageper frame log likelihoodof training and
testdata

First of all, weseethat ����� ������� �� � , is higherthan �S�T� �T����� �� � ,
althoughnot by much,which helpsto explain the moderate
gain obtainedby pronunciationmodelingusedonly during
decoding.

More importantly, ����� ������� � � is better than ����� ������� ��� . This
shows thatusingsurfaceform transcriptionis definitelyuse-
ful for acousticmodeltraining,anddemonstratesthevalueof
handtranscriptions.

Finally, the likelihoodassignedby the modelsbasedon the
pairs is significantly better than all the others,despitethe
over-training indicatedby the differencein training andtest
likelihoods.Thisclearlyshows thatit is worthwhileto inves-
tigatebuilding acousticmodelsbasedon thepairs.

2.3. Temporal Characteristics of Alternate
Realizations

So far we have not paid muchattentionto the fact that the
acousticsof a realizationof a phoneis actually represented
by a sequenceof featurevectors. In this sectionwe will fo-
cuson the sequentialor temporalpropertiesof the acoustic
realizations.In orderto seewhy thetemporalcharacteristics
are importantin termsof partial pronunciationchangecon-
siderthefollowing (for now hypothetical)examplewherethe
word HAD which hasthe baseform/hh ae d/ is labeled
as[hh ae d] by onehumantranscriberandas[hh eh
d] by another. In thiscasethesurfaceform representationof



thebaseform/ae/ is ambiguous.Now assumethat thefirst
half of theacousticrealizationof thebaseform/ae/ actually
soundslike[ae] but thesecondhalf soundslike[eh]. This
wouldexplainwhy thetwo transcribersdisagree.Thiskind of
partial pronunciationchangewould be bettermodeledif the
surfaceform representationhadhighertemporalresolution.

Do suchrealizationsexists in real speech?If they do, how
frequentarethey? In orderto answerthesequestionswe will
usethe acousticmodelsestimatedfrom the baseformtran-
scriptions,�S��� � , togetherwith thecanonicalpronunciations

�� and the manualphonelabels �� . Recall that we are us-
ing threestateleft-to-rightHMMs andeachstatecanproduce
oneor moreframesof acousticvectors.Following thismodel
structure,weinvestigatetheeffectsof allowing pronunciation
changesat eachstateandat eachframe.

In the following experiments,we use context independent
acousticmodelswith singleGaussianstateoutputdensities
which are trainedseparatelyon the baseformand surface-
form transcriptions.We focus on instancesin the test data
whena phonemeis substitutedwith anotherphone.For each
instancewe investigateif allowing pronunciationvariationat
asubphoneticlevel wouldresultin higherlikelihood.For this
purposewe computethelikelihood[ assignedto theacoustic
realizationof the phonemeunderthreemodelsconstructed
as a combinationof the baseformand surface-formmod-
els.Thesemodelswhichallow pronunciationchangesrespec-
tively atentirephone,eachstateor everyframeareillustrated
in Figure3. By construction,all modelscontainthepathscor-
respondingto Model1 whichcorrespondsto atotalchangein
theentirephoneticsegment.

For eachof thesemodels,wethenfind thebestpathandcount
the numberof times this bestpath consistsof a sequence
of HMM statescorrespondingto thebaseform,surfaceform
or sometemporalcombinationof the two. The percentages
computedoverall theinstancesin thetestsetthatcorrespond
to a phonesubstitutionarereportedin Table1.

BestPath
Model \ � \ # \ U ] � ] # ]^U others
Model1 41% 59% 0%
Model2 20% 30% 50%
Model3 15% 23% 62%

Table1: Distributionof thebeststatesequencewhenacanon-
ical phoneme\ is realizedasasurfacephone] .

Theseresultsindicatethat in a majority of instancesof pro-_
HMM transitionprobabilitiesareignoredin this likelihoodcalculation.

Notethatfor comparisonpurposesthis is equivalentto assumingthatall the
transitionprobabilitiesareequal.
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Figure3: Modelsusedfor increasingthetemporalresolution

nunciationchangethehighestlikelihoodpathcorrespondsto
atemporalcombinationof thebaseformandthesurfaceform.
Thereforepronunciationchangeis (temporally)partial and
increasingthetemporalresolutionof thepronunciationmodel
maybeeffective in modelingpartialchanges.

3. Automatic Phone Level Transcription of
Acoustic Data

It seemsclearfrom the previoussectionthat trainingacous-
tic modelswith joint knowledgeof thecanonicalandsurface
form transcriptionsmaybeof significantvalue. Theamount
of availablehandlabeledphonetranscriptionsfor conversa-
tional speechis limited, andcertainlynot enoughto build a
state-of-the-artstate-clusteredcross-word triphoneASR sys-
tem. The phonetichand labeling processis time consum-
ing andexpensivewhichmakesautomaticmethodsfor phone
transcriptiondesirable.

Our method,describedin [7], usesthe handlabeleddataas
bootstrapmaterial. First an initial pronunciationmodeland



an acousticmodelareestimatedusingthe manualtranscrip-
tions. Startingwith the canonicaltranscriptionof the entire
acoustictrainingset,thepronunciationmodelis usedto gen-
eratepronunciationnetworks representingpossiblephonetic
realizationsof eachtrainingutterance.Themostlikely phone
sequencethrougheachnetwork is chosenvia Viterbi align-
mentusingexisting acousticmodels,yielding a surfaceform
transcriptionfor theentiretrainingset.A new pronunciation
model is thenestimatedusing thesesurfaceform transcrip-
tionsandtheaboveprocessof network generationandalign-
ment is repeatedwith this new pronunciationmodel,giving
thefinal surfaceform transcriptions.

The quality of the automatictranscriptionsis measuredby
comparingthemto themanualtranscriptions.This compari-
songivesaphoneerrorrate(PER)of 26.6%measuredon the
testset.

At this point it seemsnaturalto ask if the accuracy of this
transcriptioncanbefurther improveduponor if the inherent
ambiguityin theacousticsis limiting furtherimprovementin
phonerecognition.It is alsointerestingto comparetheauto-
matic transcriptionwith the performanceof humanlabelers.
A small portion ( � 2000phones)of the handlabeledcorpus
wastranscribedin commonby two transcribersandwe use
this portion to assessinterlabeleragreementbetweenhuman
labelersandbetweenour automatictranscriptionandthehu-
manlabelers.

Greenberg̀ reportsinterlabeleragreementon this corpusto
be“ca. 75%-80%”[6]. SincethePERusingautomatictran-
scriptionis not sofar from themismatchbetweenthehuman
labelers,it is of interestto examinethe performanceof the
automatictranscriptionswith respectto both labelers. This
comparisonrequiresathreewayalignmentandwehavedone
this by hand. An actualexamplesegmentof this alignment
for the word PARENTS and the overall proportionof each
typeof agreementis givenin Table2.

Agreement Overall
T1 T2 A T1 a T2 A a T1 A a T2 Proportion
p p p ✓ ✓ ✓ 64.4%
eh ae ae ✓ 8.0%
r r r ✓ ✓ ✓
ax – ih 6.4%
n en n ✓ 10.3%
t t – ✓ 10.9%
s s s ✓ ✓ ✓

TotalAgreement: 75.3%74.3%72.2%

Table 2: Example alignment segment and proportion of
agreementtypesb

Thesymbolsetusedby thetranscribersis moredetailedthanthephone
setusedin our baseformdictionary(PronLex). Sincetherestof our models
usethePronLex phoneset,wemaptheactuallabelsdown to thisset.

As theseresultsindicate,theautomatictranscriptionsfareal-
mostat thesamelevel asthe transcribersin termsof overall
PER. If the referenceis taken to be the transcriptionspro-
ducedby the first transcriberthePERof the automatictran-
scriptionsonthis (albeitsmall)setis 25.7%whereasthemis-
matchbetweenthetwo transcriberson thetestsetis 24.7%.

If oneconcentrateson theportionof thetranscriptionswhere
thetranscribersagree(T1 a T2), thePERis still 14.5%which
shows thatthedisagreementbetweentheautomaticandhand
transcriptionsdo not completelyoverlapwith thosebetween
the transcribers.It also shows that thereis someroom for
further improvementof the automatictranscriptionprocess
describedhere.

ThePERbetweenautomaticandhumantranscriptionsjumps
to X 60% in the regionsof pronunciationambiguity, i.e. in-
stanceswherethehumantranscribersdisagree.Froma mod-
eling point of view this high error rate is a good reasonto
keepthesurfaceform representationasahiddenvariabledur-
ing estimationanddecoding,in orderto alleviate theeffects
of ambiguity.

4. Speech Recognition Experiments
Two setsof speechrecognitionexperimentshave beencon-
ducted to evaluate the performanceof the acousticmod-
els thataredesignedto handlepartialpronunciationchange.
Slightly lessthan2 hoursof speechfromtheSwitchboardcor-
pusmakeup thetestset,of whicha30 minuteportionis also
phoneticallylabeled.Thebaselineacousticmodelsarestate-
clusteredcross-word triphonestrainedon canonicalphonetic
transcriptionsof about60 hoursof speech.We usethe new
acousticmodelsfor rescoringlatticesgeneratedby thebase-
line models. Without any pronunciationmodeling,the best
pathin thelatticehasa WERof 39.4%.

In the first set of experiments,we use,for a pronunciation
model,an explicit listing of the canonicalandalternatepro-
nunciationsof wordsin the recognitiondictionary(see[1]).
We thencomparethe threemodels: �S��� � and �S��� � , which
differ in thetranscriptionsonwhichthey weretrainedbut use
the samephoneticinventory, and �S�T� �$! � , which is trained
on the pair transcriptions.The testset, in this case,is only
thephoneticallyannotatedportionof the larger testset. The
word errorrate(WER) measuredagainsttheword level tran-
scriptionsandphoneerror rate(PER)measuredagainstboth
the baseformtranscription �� andsurfaceform transcription�� (handlabeled)arepresentedin Table3.

In the secondset of experiments,we usea recently intro-
ducedmethodfor pronunciationmodelingcalledstatelevel
pronunciationmodelor SLPM [7], which accommodatesal-
ternatesurface-formrealizationsof a phonemeby allowing
the HMM stateof the model of the baseformphonemeto
shareoutput densitieswith modelsof the alternatesurface



AcousticModel PERwrt �� PERwrt �� WER����� � 34.69% 48.10% 48.96%����� � 42.86% 43.57% 50.57%����� �"! � 33.79% 43.93% 47.81%
Table3: Recognitionperformanceof acousticmodelswith a
rich pronunciationdictionary

form realizations. The SLPM can effectively “merge” two
setsof acousticmodels,asdescribedin detail in [7].

We contrastmerging the baselinemodels ����� � with the
surface-formtrainedmodels ����� � asdescribedin [7], with
the alternative of merging with ����� �"! � , which wereshown
to bettermodeltheacousticsin Section2. Table4 shows the
resultsof theseexperiments.

Note that pronunciationmodeling techniquesdescribedin
[1], whichaccountfor completepronunciationchangebut not
partialpronunciationchange,improvetheoverallWER from
39.4%to 38.9%. Accountingfurther for the partial change
leadsto moresignificantimprovements,asseenon the last
linesof bothtables.

Acoustic PER PER WER WER
Model wrt �� wrt �� (Subset) (Full)����� � 34.58% 50.08% 48.96% 38.8%����� �dce�S�T� � 33.13% 48.48% 47.85% 38.2%����� �dce�S�T� �$! � 32.84% 49.37% 47.22% 37.7%

Table4: Performanceof theSLPMonthephoneticallyanno-
tatedsubsetandtheentiretestset

5. Concluding Remarks
Wehavepresentedacousticevidencewhichdemonstratesthe
prevalenceof partial pronunciationchangein spontaneous
conversationalspeech. We have shown how thesepartial
changesmakethenotionof phonetictranscription,beit man-
ualor automatic,adifficult one.Wehavepresentedmeansfor
automaticallygeneratingreasonablyaccuratephonetictran-
scriptionsandamethodfor usingthemto trainmodelswhich
improvespeechrecognitionaccuracy byaccommodatingpro-
nunciationambiguity. A 1.7%WERimprovementonSwitch-
boardis demonstrated.
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